Abstract: Aqueous solubility is an important factor influencing several aspects of the pharmacokinetic profile of a drug. Numerous publications present different methodologies for the development of reliable computational models for the prediction of solubility from structure. The quality of such models can be significantly affected by the accuracy of the employed experimental solubility data. In this work, the importance of the accuracy of the experimental solubility data used for model training was investigated. Three data sets were used as training sets -Data Set 1 containing solubility data collected from various literature sources using a few criteria (n = 319), Data Set 2 created by substituting 28 values from Data set 1 with uniformly determined experimental data from one laboratory (n = 319) and Data Set 3 created by including 56 additional components, for which the solubility was also determined under uniform conditions in the same laboratory, in the Data Set 2 (n = 375). The selection of the most significant descriptors was performed by the heuristic method, using one-parameter and multi-parameter analysis. The correlations between the most significant descriptors and solubility were established using multi-linear regression analysis (MLR) for all three investigated data sets. Notable differences were observed between the equations corresponding to different data sets, suggesting that models updated with new experimental data need to be additionally optimized. It was successfully shown that the inclusion of uniform experimental data consistently leads to an improvement in the correlation coefficients. These findings contribute to an emerging consensus that improving the reliability of solubility prediction requires the inclusion of many diverse compounds for which solubility was measured under standardized conditions in the data set.
INTRODUCTION
The solubility of drugs and drug-like compounds has been the subject of extensive studies aimed at finding a way to predict solubility from molecular structure. The aqueous solubility of a drug is an important factor that influences its absorption by, distribution in and elimination from the body. 1 Since poor pharmacokinetics is one of the major causes for late stage drug development failures, 2 it is clear that properties such as solubility need to be considered very early in the drug discovery process. Therefore, a reliable tool for the prediction of solubility from structure alone would be of great Doi: 2 importance to help in the elimination of unsuitable candidates and reduction of overall development attrition rates.
A considerable number of in silico models for the prediction of solubility have been proposed over the past decade. [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] These utilize an ever-growing variety of approaches that differ in the way structure is represented, in the nature of the descriptors or properties that are derived from molecular structure and in the regression methods used. The sheer volume of publications on novel methods for the prediction of solubility seems to indicate that none of the existing models is fully satisfactory. 23 Consistent with this, very few of the proposed models for prediction of solubility have found practical implications in the drug discovery process, probably due to low prediction reliability. Whilst most of the published models perform satisfactorily with the test sets used for their validation, their performance with more diverse data plummet considerably. 24 While significant progress has been made in developing new modelling techniques, there is, nevertheless, an emerging consensus that moving forward will require focusing on altogether different issues affecting the performance of existing models. Most of the recent reviews on solubility prediction indicate that solubility modelling efforts have suffered from some basic faults, such as training sets that are not drug-like, unknown or high experimental error, lack of structural diversity, incorrect tautomers or structures, neglect of ionization, no consideration of salt and/or common ion issues, avoidance of crystal packing effects and range of solubility data that is not pharmaceutically relevant. 25 One of the issues is that the design of a good quality training set is something often overlooked. 26 It is worth noting that any model is only as good as the data used for its generation. A training set codifies the relationship between the relevant property and chemical structure; therefore, the applicability domain as well as model reliability will depend heavily upon the choice of the training set. The most limiting factor in the choice of a proper training set is the accuracy of the experimental solubility data. Katritzky et al. demonstrated that the average standard deviation for solubility measurements originating from different sources is as high as 0.6 log S units. 27 Occasionally, the solubility values reported for one compound may differ by 2-3 log units; this large difference may originate from different experimental protocols. There are differences in sample concentration, co-solvent presence, co-solvent concentration, incubation times, thermodynamic methods, kinetic methods, etc. 28 In addition, inclusion of values that were not distinctly reported, such as those for intrinsic solubility, and other unintentional errors all contribute significantly to the overall experimental error that can plague a data set. 29, 30 In a recent work by Taskinen and Norinder in which over 30 models from the literature were reviewed, it was concluded that improving the accuracy and applicability will "require more consideration of the consistency of the experimental solubility data and the training set composition". 24 Other authors also stressed that further development will require large, diverse sets of high-quality, uniformly determined experimental data. 30, 31 Despite the importance of this issue, there are very few published works dealing primarily with proposing carefully designed training sets. In one aspect this is understandable -consistent solubility data is not widely available and determining it for a 'QSPR-significant' number of compounds would be a time-consuming, laborious and expensive endeavour. On the other hand, addressing the issue of a more selective collection of data from the literature is feasible. One such example is the data set proposed by Rytting et al., who set out clear criteria for the inclusion of experimental data. 32 Increasing interest in the importance of high-quality experimental data for modelling purposes was perhaps best exemplified in a recent paper by Llinas et al. in which researchers where challenged to develop a model based on 100 reliable solubility measurements and to use it to predict the solubility of 32 additional molecules provided. 33 As the authors remarked, the findings of the challenge provided an overall perspective as to the current ability to estimate aqueous solubility. 34 Based on the importance of this issue, the aim of this study was to investigate whether the implementation of solubility data obtained under standardized experimental conditions can make a significant contribution to the process of establishing new or optimizing existing QSPR models for the prediction of solubility.
EXPERIMENTAL

Data sets
The set of 322 structurally diverse 'drug-like' molecules proposed by Rytting et al. 32 served as the basis for the first set used in this study (Data Set 1). The solubility data originated from various literature sources and were collected following several criteria: (i) the given compound is a drug or drug-like molecule, solid at room temperature; (ii) the reported value is that of the intrinsic solubility at around 25 °C; (iii) for solubility measurement, the equilibrium must have been achieved over time, excess solid must be present at the end of testing and acceptable analytical methods must have been used for quantification. Due to geometrical optimisation issues, three molecules were excluded from the Rytting set; hence, Data Set 1 consisted of 319 compounds. For the investigation of the implementation of experimental solubility data obtained under the uniform experimental conditions, the Sirius data set, 35 consisting of 84 diverse drug molecules for which the solubility was determined using the Sirius CheqSol technique, 36 was used. This potentiometric method for the measurement of intrinsic solubility is very accurate and allows for rapid equilibration of the experiment and collection of the precipitate during the experiment for characterization. 37 Data Set 2 was created by substituting 28 solubility values from Data Set 1 with those from the Sirius data set. Data Set 3 was created by adding the remaining 56 molecules from the Sirius data set to Data Set 2 ( Table I ). The Table with all components included in the Sirius data set can be obtained on request. 35 
Structure optimisation and descriptor calculation
All structures were constructed using Spartan software. 38 Geometry optimisation was performed by the AM1 semi-empirical method implemented in the Spartan software. Calculation of descriptors was performed using the CODESSA programme (Comprehensive Descriptors for Structural and Statistical Analysis). 39 A total of 728 descriptors were calculated and divided into five groups: constitutional, topological, geometrical, electrostatic and quantum-chemical.
Correlation analysis
The heuristic method implemented in the CODESSA software was used for the selection of the most significant descriptors for the prediction of solubility. The most significant descriptors were selected in each group of descriptors using the heuristic method. Heuristic 5-parameter analysis was also used for selection of the five most significant descriptors among all descriptors calculated, which were then used for establishing a QSPR (quantitative structure-property relationship) equation for each of the sets using the multiple linear regression (MLR) method. Prior to this, descriptor intercorrelation analysis was performed, so that no two descriptors appearing in the final equations have an intercorrelation coefficient larger than 0.5.
RESULTS AND DISCUSSION
The potential limit of the accuracy of experimental data on the predictability of solubility models should be addressed before turning to the purely computational methods, therefore the Sirius data set was used to investigate the extent to which the implementation of solubility data measured under the same standardized method may influence the quality of Doi: 4 the potential model training. The creation of Data Sets 1, 2 and 3 are described in the Experimental section.
The heuristic method was applied for the selection of the most significant descriptors for the prediction of solubility to all three data sets. The most significant descriptors for all three sets from each of the groups of descriptors obtained by the heuristic method are presented in Table II . The most highly correlated descriptor in all data sets was the partition coefficient (log P). Most of the selected electrostatic and quantum-chemical descriptors are derived from molecular surface areas (H-donor/acceptor surface areas) and relative electrostatic charges. This would indicate that the descriptors selected using the heuristic method proved to be related to the solvation of the molecules.
Comparing Data Sets 1 and 2, which differ only in the solubility values of 28 compounds, the order of the most significant descriptors selected by the heuristic method in the one-parameter correlation among each of the five groups of descriptors remained relatively unchanged. However, there was an increase in the correlation coefficient in all the descriptors involved. Comparing Data Sets 1 and 3, the order of the descriptors was slightly changed. Although the correlations of the individual descriptors decreased in a small number of instances, there was an overall improvement of the correlation in all descriptor groups. This would suggest that if no additional components are included in the set, with just the experimental data being altered, individual descriptors could retain their respective capacities for describing the correlation between solubility and structure. This does not hold true, however, when establishing a multi-parameter correlation, as is later demonstrated.
Inclusion of additional components in Data Set 3, however, increased the diversity of the set. This can result in a change of relative importance of different molecular properties governing solubility (within a set), which in turn affects the significance of selected molecular descriptors. In the present case, this was reflected in the reordering of closely related descriptors among each group of descriptors.
The present observations showed that changing the experimental data in multi-parameter correlations tended to have even a greater impact. A fiveparameter heuristic correlation analysis and subsequent MLR yielded the following QSPR equations for Data Sets 1, 2 and 3, respectively: log S = -0.63647 log P -0.01454 q HBCA + 24.65157 I C + 0.010761 2 AIC -19.7268 R NR [1] (n = 319, R 2 = 0.6616) log S = -0.42352 log P + 0.559774 Etot 2-c ex /# -0.00756 q DPSA-3 + 9.912633 q RNCG + 0.197134 min(#HA, #HD) [2] (n = 319, R 2 =0.6689) log S = -0.60863 log P -0.04033 N AB -14.2527 R NR -0.01145 q DPSA-3 + 2.020366 e RNCG [3] (n = 375, R 2 = 0.7045)
The plots of the experimental vs. the predicted solubility values using these three equations for the three training sets are shown in Figs. 1, 2 and 3 . 5 coefficient and a slightly reduced RMSE, compared to Eq. 1 (R 2 = 0.7045, RMSE = 0.9382). Introduction of uniform experimental data consistently leads to an increase in the correlation coefficient. This can be attributed to both the correction of outliers and the improvement of overall data consistency.
Moving from single to multi-parameter correlations, the difference in selection of the most significant descriptors using the three data sets became more evident. The equation corresponding to Data Set 1 is composed of 2 constitutional, 1 geometrical, 1 topological and 1 quantum-chemical descriptor. On the other hand, Equation 2 was established using 1 constitutional and 4 quantum-chemical descriptors, which together account for several aspects of the solvation process, especially polar interactions and the possibility of H-bond formation. Thus, while the R 2 values for Eqs. 1 and 2 are similar, the interpretability of these equations is significantly affected by the changes in the solubility values of the data set. On average, these values for the 28 substitutions made between Data Set 1 and 2 (Table III) differ by 0.57 log S. This is largely consistent with observations made by Katritzky et al. 27 Differences in excess of 1.5 log S are also present in some instances, e.g., phenylbutazone, propranolol, sulfamerazine and notably terfenadine, for which the values differ by 3 log S. Such large-scale differences can clearly affect the selection of the most significant descriptors. Data Set 3 is structurally more diverse than the previous two, thus the corresponding Equation 3 also features a different combination of descriptors. It is composed of 3 constitutional and 2 quantum-chemical descriptors. These descriptors encompass molecular properties that relate to hydrophobicity as well as those that facilitate solvation. In summary, both the structural diversity of the training set and the standardized experimental solubility data included in the training significantly influence not just the statistical performance but also the interpretability of a prospective model.
CONCLUSIONS
Solubility is a difficult property to predict, and one reason for this is the absence of a high-quality data set of reliable and reproducible solubility measurements. Hopefully, by measuring many compounds under standardized conditions, current predictive models can be improved. In this work, an attempt was made to demonstrate the importance of implementing such data to improve the confidence of the training of the models.
It was successfully shown that the usage of uniform experimental data can significantly improve the correlation in the training set. The results also showed that updating existing data sets with such data leads to changes in the selection of the most significant descriptor, which would require the given model to be additionally optimized. Continuously updated models would be a valuable tool for preliminary solubility screening and could be developed alongside solubility measurement devices as added value software. 6 pouzdanih kompjuterskih modela za predviđanje rastvorljivosti na osnovu strukture jedinjenja. Kvalitet modela za predviđanje rastvorljivosti bitno zavisi od tačnosti eksperimentalnih vrednosti za rastvorljivost koje su korišćene za treniranje modela. U ovom radu proučavan je značaj primene eksperimentalnih podataka dobijenih pod standardizovanim, uniformnim uslovima, za treniranje modela za predviđanje rastvorljivosti. Korišćena su tri seta podataka -Ispitivani set 1 koji je dobijen odabirom eksperimentalnih vrednosti za rastvorljivost pod određenim kriterijumima iz različitih literaturnih izvora (n=319), zatim Ispitivani set 2 koji je dobijen zamenom 28 vrednosti za rastvorljivost iz Ispitivanog seta 1 vrednostima za rastvorljivost dobijenim standardizovanom eksperimentalnom metodom u jednoj laboratoriji (n=319) i Ispitivani set 3 koji je dobijen dodatkom još 56 komponenata u Ispitivani set 2, za koje su vrednosti rastvorljivisti takođe određene pod standardizovanim uslovima u istoj laboratoriji (n=375). Zatim je primenjena heuristička metoda za selekciju najznačajnijih deskriptora, korišćenjem jednoparametarskih i višeparametarskih analiza. Postavljene su korelacije između najznačajnijih deskriptora i rastvorljivosti korišćenjem multilienarne regresione analize (MLR) za sva tri ispitivana seta podataka. Uočena je značajna razlika između jednačina koje su dobijene korišćenjem različitih setova podataka, što ukazuje da je nakon uvođenja novih eksperimentalnih podataka neophodno dodatno optimizirati postojeće modele. Pokazano je da korišćenje uniformnih eksperimentalnih podataka uslovljava poboljšanje koeficijenata korelacije. Ovi rezultati govore u prilog sve zastupljenijem stavu da je za poboljšanje pouzdanosti predviđanja rastvorljivosti potrebno koristiti setove podataka velikog broja različitih jedinjenja čija je rastvorljivost merena pod standardizovanim uslovima.
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